ABSTRACT 2 Downscaled rainfall projections from 21 climate models from the CMIP5 archive are used to 7 estimate future changes in rainfall erosivity in the continental Unites States. To estimate erosivity 8 from rainfall in the absence of sub-hourly data, we have used both daily rainfall values and the 9 modified Fournier index-which is based on monthly rainfall accumulation-and derived the scaling 10 relationship between rainfall and erosivity from observational estimates of both.
Introduction

18
Soil erosion has significant consequences for the productivity of land and the health of the river-19 ine systems that receive the erosion materials. In an eroded soil, nutrients are lost, the effective root 20 depth decreases, and runoff increases. In rivers, suspended sediments increase turbidity and trans-21 port pollutants, reducing the health of algae and fish and degrading the quality of drinking water,
22
while excess sediments affect spawning fish, lower reservoir storage, and interfere with naviga- The erosivity factor R is defined as the mean annual sum of erosivity from individual storms 52 with effective rainfall 1 , i.e., rainfall greater than 0.5 inches (about 12 mm). In turn storm erosivity 53 is computed as the product of the rainstorm energy (E, an empirically-derived 54 function of intensity and depth of rainfall) and the maximum 30-minute rainfall intensity for the 55 storm (I 30 ):
(1)
The unit land plot in the USLE erosion calculation is assumed to be only about 20m in length; 57 accordingly, the formula for erosivity assumes that point-wise measurements of rainfall, i.e. rain 58 gauge data, are used. The requirement that we know the maximum 30-minute rainfall intensity Factor that will be introduced below).
69
The erosivity map for the continental United States that is in use at the Environmental Protection under the assumption that additional information on the spatial field structure of R can be inferred 83 from the spatial structure of P. As explained below, the erosivity map thus produced is used in this 84 study to build our model-based estimate of erosivity and erosivity changes.
85
Long and complete daily-resolved rainfall time series are still not too common, and many ap-
86
proximate estimates of erosivity that use rainfall records at much coarser temporal resolution have 87 been pursued. Among the indices that use monthly-averaged rainfall data, we focus on the Modi-88 fied Fournier Index, F, introduced by Fournier (1960) and Arnoldus (1980) as
where P j is the monthly mean rainfall for the calendar month j. In this formulation, a month of in-
90
tense rainfall is seen to create more erosion than the same rainfall spread over a longer time. the maximum daily rainfall for the month. In our formulation, it is calculated as
where M j is the maximum daily rainfall in month j and P e j approximates the effective rainfall as 102 the sum of all daily rainfall with accumulation larger than 12mm.
103
The same requirements that make estimating erosivity from observations a complex task, make it 104 impossible when using climate models. 
143
The rainfall dataset has been extensively documented and used (see Daly et al. , 2008 
where N is the number of years (30 years) and P d is daily precipitation.
165
The creation of the gridded erosivity map based on the 1,842 point values of R is described in an 2 An analogue for a given daily weather pattern can be constructed by combining patterns from a library of previously observed patterns; using a companion library of high?resolution patterns creates the high-resolution downscaled estimate.
another step was necessary to correct a dry bias that was reintroduced by the constructed-analog Because of concern with the unresolved bias in daily rainfall intensities, we proceed by estimat-
206
ing erosivity and erosivity changes in two ways: one that is more closely related to the original 207 erosivity calculation (but is affected by the intensity bias) and one that is unaffected by the bias
208
(but for which the formulation of the erosivity calculation is less well motivated). To compare climate models to observations, we would ideally calculate the model erosivity 220 using the same formula that was used in the making of the observational dataset. is not using fully independent data, using data at coarser resolution as input does introduce some 240 degree of separation from the data used in the fit. In the eastern domain, grid points for which 
where Eq 5 holds for F < 55mm and Eq 6 holds for F > 55mm and F is defined as in Eq 2 3 .
276
Reinard and Freimund found that neither relationship could be applied to the stations of Washing- and April should contribute more than 15% to the annual accumulation. We have followed the 280 same, quite arbitrary, criterion. should be applied only to locations within homogeneous climatic regions. Therefore, we also ap-285 ply the same method described above for daily precipitation and estimate local R to F relationships 286 for points in each 1 x 1 square, allowing for both a linear and a power law relationship. Thus, we 287 have three ways of estimating R form F.
288
Applying Equations 5 and 6 to the gridded PRISM data leads to overestimating the erosivity for many world regions is often linear, and, as will be shown below, the local-regression methods
294
suggest a much weaker dependence on F than the Reinard and Freimund's formulas in all but a 295 few mountainous regions of the US.
296
To determine the F to R relationship from local regressions, we have tried several functional 297 forms: a linear relationship, a power law, the sum of the two, with and without subjective bounds 298 on the coefficients. Here, we present results from the linear and power law functional forms.
299
Nonetheless, we imposed an additional regional constraints to avoid small-scale noise in the coef-300 ficient fields: the noise was deemed unphysical and it gave rise to large local errors when the fit 301 was applied to the 1/8 PRISM data. In particular, we have imposed that the relationship between
302
F and R stays close to linear in the Southeast. This trial-and-error fit without a-posteriori verifica-303 tion would be problematic if we were to claim that it proves a physical connection between F and 304 R. But our goal is much more modest: we assume that a relationship between F and R exists, as Moreover, the issue of including snow in the erosivity calculation is not properly addressed by 315 any of these methods, although changes from snow to rain might indeed be an important factor in 316 determining future changes in erosivity.
317
R is better approximated using F than with the daily precipitation. This is somewhat surprising,
318
given that it is the daily precipitation that goes into the original R calculation. On the other hand,
319
it might be that the use of annual mean rainfall in the interpolation of R from point measurements 320 to the gridded field introduces a bias in R, making the field more similar to rainfall accumulation 321 than it would otherwise be. show that the negative rainfall anomalies do extend farther north than their downscaled counter-361 parts. On the other hand, there is no significant difference between using only 21 runs from the 362 native resolution CMIP5 ensemble, and using 79 runs from 38 models in the CMIP5 ensemble
363
(not shown). Plains show negative change in F, but the anomalies are inconsistent across the ensemble. Also,
371
F increases at the Gulf Coast even though mean annual P declines here, a difference caused by an 372 increase in monthly intensity that dominates over the mean drying. The strengthening of the robust 373 pattern of anomalies in F compared to annual rainfall is an indication that the seasonal cycle of 374 rainfall will be getting more peaked, i.e. more rain in the rainy season.
375
Changes in the burst factor B are the most uniformly positive. B values reflect changes in both 376 mean rainfall and rainfall extremes. This is especially true given that we have calculated the 377 effective rainfall entering B using the observation-derived threshold of half an inch, which corre-378 sponds to higher rainfall percentiles in the models. Moreover, the maximum daily rainfall for the 379 month enters the calculation directly. The domain-wide robust increase in B-extending farther 380 than either mean rainfall or mean intensity-is consistent with the expectation that the intensity of 381 extreme rainfall events will increase more than average rainfall and average intensity.
382
Given the pattern of robustness and uncertainty in the predictors of erosivity (that is, in mean 383 annual rainfall, daily intensity, F and B), we can expect that erosivity changes will be generally quantities. In Figure 11 , R is estimated from the daily precipitation values, while in Figure 12 and 392 13 , it is estimated from F, either through a linear or through a non-linear regression, as described 393 in Section 2.
394
As would be expected from the rainfall changes, the models suggest an overall increase in ero- even as accumulation declines, because an increase in monthly intensity dominates.
406
In spite of the overall uncertainties and biases in the model estimates, it is nonetheless clear that Here, we focus on the one driver of erosion most directly related to climate: rainfall erosivity.
418
The purpose of this study was to provide an assessment of the projected changes in erosivity 
